Introduction
This study examines the effect of California's state minimum wage increases since 1990 on employment. While numerous empirical studies examine the effect of minimum wage hikes on employment, our study adds to the literature by using data from a single state to illustrate how much the effect of a state minimum wage can vary across regions within the state. While it is well known that the effects of minimum wage hikes are larger in low-wage industries like restaurants and retail, there is relatively little information about how much the effects can vary across counties within an industry.
California provides a desirable setting for such a study for three reasons. First, it has 17 million workers in 2018 and has a bigger labor force than any other state. This large labor force makes it possible to obtain accurate estimates of county-level employment and wages for a large number of industries. Second, the minimum wage in California has risen significantly over time and reached $11.00 in 2018. This is the second highest minimum wage among the 50 states.
This large change in the minimum wage provides the type of identifying information necessary for the analysis. Finally, as we show later, there is significant cross-county variation in the fraction of workers in a given industry who are likely to be affected by a minimum wage hike.
Using a variety of empirical approaches, we find that the increases in California minimum wages led to slower employment growth in low-wage counties and low-wage industries. Our study simulates the effect of a 10 percent increase in the minimum wage. The simulations suggest that a 10 percent increase would cause a 3.4 percent employment loss in California 1 . The percentage of jobs lost would be greatest in the accommodation and food services, and retail trade industries. While the most populated counties of California are expected to incur the largest employment loss regarding the number of workers, the smaller counties experience a larger percentage point loss in employment due to the lower wages and the greater share of workers affected by the minimum wage hike. The estimates reveal considerable heterogeneity in response to a minimum wage hike. In percentage terms, the job loss estimate in a rural county with relatively low wages is approximately 2.5 times greater than in the urban counties with relatively high wages.
While our methodology could be applied to all 50 states, we choose to focus only on the CIPs in California for two reasons. First, by restricting attention to a single state, we can remove any of the heterogeneity in the minimum wage effect that might be caused by differences in the details of the state's minimum wage laws. For example, unlike most states, California does not offer a tip credit which allows firms to pay workers less than the minimum wage if their tips make up the difference between their wage and the minimum wage. California's lack of a tip credit could make employment at full-service restaurants more sensitive to a minimum wage hike than in a state where a tip credit is allowed. Second, given that California has both a large urban and rural population with a high variance in wage levels and the cost of living, we can show the high degree of heterogeneity in the effects of a minimum wage hike across counties within a state. While a $15 minimum wage may have modest effects on employment in a city like San Francisco, it could be much more disruptive in a rural California county.
The Minimum Wage History for the State of California its minimum wage at a faster rate than mandated by federal law. In 2001, the California minimum exceeded the federal minimum by $1.10 ($6.25 versus $5.15). The gap between the California and federal minimum wage fluctuated since 2000 as both the state and federal minimum wages increased. As of 2018, California's $11.00 minimum is second only to the $11.50 minimum in Washington state. Moreover, under current law, California's minimum wage will increase to $15.00 by 2022 while the federal minimum is scheduled to remain at $7.25. If current laws remain in effect, this will make California the first state to have a minimum of $15 and will lead to the largest gap between a state and federal minimum wage in the United States.
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This study uses the California experience between 1990 and 2016 as a way to illustrate how much the effect of a minimum wage can vary across counties and industries within a state.
While numerous studies have examined the effect of minimum wage hikes on employment [see Neumark and Washer (2008); Congressional Budget Office (2014); and Neumark (2015) for a review of such studies], our study is unique in two ways. First, we focus entirely on the employment experience in California. The labor market in California differs from many other states because of the mixture of rural and urban counties, the mixture of industries, and the large differences in the cost of living and wages across counties. Second, while much of the recent research that estimates the effect of minimum wage hikes by comparing employment trends in a 2 This statement is based on analysis of historical federal and state minimum wages provided by the Department of Labor at https://www.dol.gov/whd/state/stateMinWageHis.htm. The data goes back to 1968 and there is no point at which a state had a minimum wage that exceeded the federal minimum by $7.75 or more. While data prior to 1968 wasn't available, we are confident that the no state had a minimum wage that exceeded the minimum by that amount in earlier years. In fact, Alaska had the highest state minimum wage in 1968 ($2.10) when the federal minimum wage was $1.60. given industry (e.g., restaurants) or a given demographic group (e.g., teenagers) across states, our comparison groups are "county-industry pairs" (CIPs) within California. For example, the restaurant industry in Orange County is one CIP and that in San Francisco County would be another CIP. Our empirical analysis tests whether the employment effects of minimum wage hikes systematically vary with the CIP's share of workers that earn low wages.
The Data
To test for differences in employment growth across CIPs, we use data from the Quarterly Census of Employment and Wages (QCEW) between 1990 and the second quarter of 2016. The QCEW data provides a quarterly count of employment and payroll reported by employers and covers 98 percent of U.S. jobs. The quarterly counts are available at the county, state, and national levels by industry. The data provide a complete tabulation of employment and total payroll for workers covered by either state or federal unemployment insurance programs. We restrict our analysis to private-sector employers. The QCEW does not include self-employed workers.
Our analysis of employment trends uses employment by county for each two-digit North American Industry Classification System (NAICS) industry. We convert to annual employment measures by averaging across the quarterly employment counts to remove seasonality in the data.
For our analysis, we need a measure of how much the minimum wage binds in each CIP. While the QCEW reports total payroll and the number of workers, this level of aggregation and the lack of information on hours worked makes it unsuitable for estimating the share of workers earning a wage close to the minimum. To obtain an estimate, we use the 1990 5% Census Public Use Micro Data Sample (PUMS). 4 We estimate the percentage of workers in each CIP that are "low wage workers" -which we define as anyone earning a wage no less than $.25 below and no more than $1.00 above the 1989 state minimum of $4.25.
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Unfortunately, the Census identifies only 34 of the 58 California counties and our analysis is thus restricted to this subset. To improve the accuracy of the estimate of the percentage of workers with low wages for a CIP, we drop any county that contains a city minimum wage law causing the minimum wage to vary across jurisdictions within the county. While San Francisco had a minimum wage above the state minimum since 2004, we include it since it is a county-wide minimum wage.
To assure that our wage estimates for a CIP are reasonably accurate, we exclude any CIP with less than 200 observations on wages in the Census sample.
7
The sample also excludes any CIP without at least one-quarter of employment data in each year of the sample period. These tend to be relatively small CIPs because the QCEW masks employment counts when there is a concern that disclosing the CIP employment count could reveal too much information about a specific establishment.
We also exclude Kern county where the total employment for the included industries covered less than 40 percent of private sector employment in the county in 2016. Finally, we eliminate any CIP that shows more than a 25 percent change in employment 4 We also had to map census codes for industry to match NAICS codes in the QCEW and account for the fact that NAICS codes changed in the QCEW over time.
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In the early stages of this project, we attempted to do the analysis using employment measured at the three-digit level. We abandoned that approach and switched to two-digit analysis because the narrower definition of industries results in missing data for a large share of the CIPs since the QCEW masks employment counts when there are a small number of employers due to concerns with confidentiality of firm level data. Also, the sample sizes for the wage estimates drawn from the Census become too small to be reliable for many of the CIPs. 6 This restriction results in Alameda, Contra Costa, and Santa Clara counties being dropped from the sample. The largest cities in these counties are Oakland, Concord, and San Jose, respectively. We also experimented with using the average weekly wage measure available in the QCEW for each CIP. The advantage of this measure is that it is available for all CIPs. The disadvantage is that it is a noisier measure of how much the minimum wage would bind since it is a measure of weekly (not hourly) earnings and does not directly translate into the percentage of workers who are close to the minimum wage. While the qualitative effects of a minimum wage hike were similar with either measure of earnings, the share of workers with low wages fit the employment data better (i.e., adjusted R-squared was higher). between years. Such changes are clear outliers in the data and may reflect changes in reporting behavior by a firm that has multiple establishments.
8 Table 1 lists the 29 counties that fit our requirements for inclusion along with the employment level in each county. In total, there are 11.6 million private sector wage and salary workers in the 29 included counties. The CIPs included in our sample represent 90 percent of the private sector employment for the 29 counties, and 74 percent of statewide private sector wage and salary employment. While a large share of employment is included in our sample, the exclusion restrictions result in small rural counties being underrepresented since data is more likely to be suppressed when employment counts are low, and the necessary wage data from the Census are less likely to be available for small counties. Table 2 lists the industries that we include in the sample, the number of counties with adequate employment data for each industry, and the share of state-wide employment covered in our sample. The industries that are included in our sample employed 13.8 million workers in California in 2016. Our sample includes 73.5% of statewide employment in these industries. For each industry, the figure shows the minimum, maximum, and average share of workers with low wages across counties. The two industries with the largest share of low wage workers are agriculture, forestry, fishing and hunting (20 percent low wage) and accommodation and food services (19 percent). At the other extreme, the two industries with the lowest share of workers earning low wages are utilities, and finance and insurance (1 and 4 percent). 8 The Bureau of Labor Statistics points out that, in the QCEW, large month-to-month changes in employment could reflect changes in employer reporting practices at the beginning of a new calendar year. For example, an employer with multiple locations in the state may report as a single corporation. In a subsequent reporting period, the company may change their method of reporting leading to a large change in employment. This issue is discussed on the BLS website at https://www.bls.gov/cew/cewfaq.htm#Q11
Within a given industry, there is substantial variation in the share of workers earning low wages across counties. For example, in accommodation and food services, the share ranges from 10 to 28 percent; in agriculture, the range is from 15 to 27 percent. As a result, the extent to which a minimum wage increase binds varies substantially across both counties and industries.
Empirical Approach
Our empirical approach for determining the effect of the California minimum wage hikes uses regression analysis to determine whether minimum wage increases cause employment to rise more slowly in CIPs where the minimum wage binds more and affects more workers.
To provide some context for the analysis, Figure 3 provides an illustration of employment trends for low, medium, and high wage CIPs. The split between the three wage levels is based on the percentage of workers earning low wages. The CIPs in the bottom quartile in terms of the fraction of workers earning low wages (i.e., less than 7% earning low wages) are classified as high wage CIPs. Those in the top quartile of the distribution --with more than 14% of workers earning low wages --are classified as low wage CIPs. The CIPs that are neither in the top or bottom quartile (i.e., between 7 and 14% earning low wages) are classified as medium wage industries.
The employment measure is an index set to 100 in 1990. Since 1990, the rate of employment growth has been highest in the low wage CIPs (47 percent) and lowest in the high wage CIPs (9 percent). This evidence alone might lead one to erroneously conclude that California's minimum wage increases have not slowed (and perhaps increased) employment in low wage industries. Such a conclusion would be inappropriate since other economic factors may have caused the employment trends to differ across high, medium and low wage CIPs. For example, there may be economic forces at work (such as import competition, technical change [Baily and Bosworth (2014) ; ] that cause industries to grow at different rates. For example, increased import competition and technological change have led to declines in U.S. manufacturing employment [Autor et al. ( , 2015 ; Pierce and Schott (2016) ]. In our data, manufacturing is always either a high or medium wage industry in all counties. In no county is manufacturing a low wage industry. Consequently, import competition and/or technological change may have caused employment growth to slow in high and medium wage industries. A failure to account for such industry-specific trends would lead to a misinterpretation of the data.
Another important factor that needs to be considered in comparing employment growth across CIPs is that some counties are growing at a faster rate than others. More rapid growth in low-wage counties (e.g., rural counties) could lead to a higher rate of employment growth in the low-wage CIPs.
Given that many factors other than the minimum wage can cause employment growth to differ across CIPs, we use regression methods to isolate the effect of minimum wage increases on employment.
In our first empirical specification, we assume that a change in the minimum wage will lead to a change in the level of employment at the time of passage and control for other factors that would influence employment such as county-specific unemployment rates, time trends, and fixed effects. The identifying assumption for each model is that, holding the controls constant, employment growth would be similar across CIPs in the absence of a minimum wage hike. The models differ in terms of the number of controls that are introduced to capture the effects of unobservable factors that might impact employment across CIPs. In the first specification, we estimate 1 lmin * low_wage urate
The subscript i indexes county, j indexes industry, and t is year.
The coefficient of interest ( measures whether the effect of the minimum wage (lminit) varies across CIPs based on the fraction of workers earning low wages. The expectation is that minimum wages have a larger negative employment effect in industries with a larger share of low wage workers -and thus, we expect to be negative.
The validity of the estimates of the minimum wage effect hinges on the model's ability to control for other factors that influence employment in each CIP that might also be correlated with the timing of minimum wage hikes. This specification controls for several different types of variables that might have an employment effect. First, cyclical effects are controlled for by the county-specific unemployment rate (urateit). Note also that the model allows the cyclicality of employment ( to differ across industries. For example, the model allows manufacturing employment to be more cyclical than health services. The year-specific fixed effects ( capture the effect of any year-specific shock that has a common effect across all CIPs. The model also includes county-specific time trends ( , and industry-specific time trends ( . County-specific time trends capture the effect of, for example, differential population growth across counties. Industry-specific time trends capture the effect of factors that are causing employment in a given industry to share a common trend across all counties. For example, increased import competition may cause employment in manufacturing to gradually fall across all counties.
The CIP-specific fixed effects ( capture the effect of variables that are fixed over time in a CIP that might affect employment. For example, differences in population, geography, or natural resources could cause a CIP to have unusually high or low employment in a county over time.
While the model described in (1) contains only two observable variables as controls, it controls for unobserved factors that lead to county-specific time trends, industry-specific time trends, and CIP-specific fixed effects. In total, this model includes 84 control variables (including the CIP fixed effects).
We also consider models that allow for more flexibility regarding controlling for unobservables. While these models are less restrictive and less likely to result in biased estimates of the minimum wage effect, they come at the expense of introducing more collinearity between the control variables and the variable of interest (lmin * low_wage) which may reduce the precision of our estimated coefficient of interest. In the extreme, if we add a year-specific fixed effect for each CIP, there would be perfect collinearity between our variable of interest (lmin * low_wage) and the fixed effects -and it would be impossible to identify any effect of the minimum wage on employment.
In the second model, we replace county-specific time trends with county-specific year effects. County-specific year effects capture the effect of any year-specific shock to a county that affects employment in all industries. This model provides more flexibility than the countyspecific time trends in our first specification, but also increases the number of control variables from 84 to 783.
In the third model, we adjust the second model by replacing industry-specific time trends with CIP-specific time trends. This model allows, for example, a different time trend for manufacturing in each county. In the final model, we adjust the third model by dropping CIP specific time trends and allowing both industry-specific and county-specific year effects. This model controls for any factors that would impact all industries or all counties in a given year.
In each of the above specifications, the effect of minimum wage hikes is identified by comparing the employment growth of CIPs with high versus low shares of workers earning near the minimum wage. The differences between the models turns on how much flexibility is allowed regarding unobserved shocks that might influence employment growth in a given CIP.
Moving from specification one to four, more flexibility is introduced for the impact of unobserved factors, but there is also an increase in the number of control variables and the degree of multi-collinearity which can inflate standard errors. Table 3 An important concern with any empirical model is its robustness. We tested the model's robustness to several changes. First, we examined whether the model's results are being driven by outliers in the data. To find outliers, we computed the change in the coefficient of interest (lmin*low_wage) from excluding each of the 244 CIPs. We discovered that the exclusion of the manufacturing industry in Los Angeles County (LA) had an especially large effect. In fact, in three of the four specifications, excluding the LA manufacturing CIP caused the coefficient of interest to change by more than twice as much as any other CIP . The bottom panel of table 3 reveals how sensitive the coefficient of interest is to the exclusion of this CIP. In three of the four specifications, the coefficient on lmin*low_wage is reduced by more than 1.0 (in absolute value). The exception is the third specification where it drops only slightly. This is unsurprising since the third specification allows for CIP-specific time trends that would allow for a long downward trend in LA manufacturing.
More careful examination of the data reveals that among manufacturing industries, LA
County had a more rapid downward trend than any other county in the state. LA is also the county with the highest share of low-wage workers in manufacturing, and the county with the highest level of manufacturing employment. The combination of these facts causes the estimated effect of the minimum wage to be amplified when LA manufacturing is included in the data.
Another concern with the LA manufacturing CIP is that its inclusion generates evidence of pre-trends in the data.
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As noted by Angrist and Pischke (2009) and Malani and Reif (2013), pre-trends could be evidence of either an endogeneity problem, or agents anticipating and adjusting behavior before the treatment going into effect. While there is some evidence of pre-trends when all CIPs are used, as we show later, the pre-trends disappear when LA manufacturing is dropped from the data.
Since we are uncomfortable with LA manufacturing having such a large effect on the estimates and the evidence of pre-trends when it is included, the remainder of our analysis 9
In the context of the analysis here, pre-trends exist when leading values of the minimum wage have explanatory power for the current level of employment.
focuses on models that exclude the CIP from the data. This results in a more conservative estimate of the disemployment effects of the minimum wage increases, but also removes a CIP that is problematic in that employment declines appear to precede increases in the minimum wage.
In another check for robustness, we considered different start dates for the estimation.
As noted by Neumark et al. (2014a) , the estimate of time trends can be sensitive to the endpoints in the data and can significantly alter the estimated effect of a minimum wage -particularly if the endpoints include a point where the economy is in recession and the sample period is short.
In our case, we have 27 years of data and the economy is not in recession in 2016.
Nevertheless, we considered the sensitivity of our results to alternative start dates. The results (available in appendix table A2) indicate that of the 12 different sets of estimates (four regression specifications times three different starting points), all 12 of the coefficient estimates are negative, and 11 of the 12 are statistically significant at the .05 level. The only statistically insignificant results occur when the start year is pushed to 2000. This is the shortest sample period considered and eliminates a large increase in the minimum wage that occurred in 1998.
We also estimated a model that included only the four industries with the largest average share of low-wage workers -agriculture; accommodation and food services; retail trade; and arts, entertainment, and recreation (available in appendix table A3). The advantage of this model is that it relies upon a comparison of industries that are more similar in terms of their heavy reliance on low wage workers. The disadvantage is that the data set is reduced from 244 to 72 CIPs and the amount of identifying information is reduced. With data for only these four industries, the estimated coefficients on lmin*low_wage range from -0.8 to -3.9 and are statistically significant at the .01 level for the first and third specifications, but are insignificant at the .10 level for specifications 2 and 4.
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As yet another test of robustness, we use the methodology proposed by Meer and West (2016) . Their method allows for the possibility that a change in the minimum wage affects the rate of growth in employment instead of a shift in the intercept. The Meer-West approach is to use "long-differences" to estimate the effect of minimum wage hikes. The specification is
Δ Δ lmin * low_wage
Where Δ is a difference operator. For example, Δ is the r-period change in logemployment that occurs between period (t-r) and t. We estimate this long difference corresponding to the four specifications in our earlier regression models, keeping in mind that when differencing across time, for example, CIP-specific fixed effects difference out of the model. Similarly, when differencing across time, an industry-specific time trend becomes an industry-specific fixed effect, and a county-specific time trend becomes a county-specific fixed effect.
The estimates of the Meer-West model, presented in table 4, correspond to the timedifferenced versions of the four specifications in our earlier analysis of employment levels. The model that is presented is based on five-year differences, though the results are fairly robust to choosing shorter or longer differences.
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In three of the four specifications, the coefficient
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The results for these models are available in appendix table A3.
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We also tested the robustness of our results to reducing the minimum sample size in the Census for a CIP wage estimate from 200 to 50. This added 63 additional CIPs to the data set, but increased total employment in the sample by only 2.6 percent. The estimated effects change only slightly. 12 The coefficient on dlmin_low_wage is negative and statistically significant at the .01 level for the first 3 specifications for differences between 1 and 10 years. For the fourth specification, the effect is negative and estimates imply a statistically significant (at .01 level) negative effect of minimum wage increases on employment growth. In the fourth specification, the coefficient is negative and statistically significant at the .10 level.
As a final check of our estimates, we test for pre-trends in the data. Pre-trends in the data exist when, for example, employment begins to fall more rapidly in the low-wage sector even before the minimum wage rises. Such pre-trends may be indicative of a spurious relationship between minimum wage increases and employment growth rather than a true causal effect. On the other hand, pre-trends could reflect causal effects if employers begin reducing employment in anticipation of a future increase in the minimum wage. To test for pre-trends, we include three years of leads of the minimum wage. We also add three lags of the minimum to allow for the possibility that employers take a few years to adjust employment after an increase in the minimum. Table 5 presents estimates of the same four specifications presented in table 3 with the leads and lags added. In all four specifications, the leads are statistically insignificant at the .10 level. The contemporaneous effect of a minimum wage hike is reduced by inclusion of the leads and lags and is statistically significant at the .01 level in two of the four specifications. In all four specifications, the lags are jointly significant at the .01 level, and the sum of the lags are always negative. This suggests that the disemployment effects of an increase may take a few years to materialize fully and is consistent with the findings in, for example, Neumark et al. (2014b) .
In review, we have considered numerous regression models to estimate the effect of minimum wage increases on employment in California. Our results point to a statistically statistically significant at the .10 level for all differences of 5 or more years, but statistically insignificant for differences of four or fewer years. significant disemployment effect of minimum wage increases that is robust to the set of controls, the sample period, and whether using conventional panel data analysis or long-differences in employment. While we consider the results robust to alternative specifications, we think it is important to note that, given the high degree of flexibility (and thus collinearity) in the models, the estimates can be fairly sensitive to changes in controls and/or time periods. Nevertheless, we believe that the bulk of the evidence points toward substantial negative effects of California minimum wage increases on employment -particularly in low wage CIPs. We now turn to the size of the disemployment effects.
Simulations of Employment Loss
To put our range of estimated minimum wage employment effects in perspective, a coefficient of -1 on lmin* low_wage implies that, in an industry where 20% of the workers are paid within $1 of the minimum wage (in 1989 dollars), a 10% increase in the minimum causes a 2% decrease in employment. For the average CIP in our sample, the proportion of workers with low wages is .10. In table 3, the coefficient on lmin*low_wage ranges from -2.4 to -3.8 which implies that, in a CIP with the average share of low wage workers, the reduction in employment associated with a 10% increase in the minimum wage would range between 2.4 and 3.8 percent implying a minimum wage elasticity of between -.24 and -.38.
Other studies find a wide range of estimated minimum wage elasticities. Overall, our estimated range of elasticities fits within the bounds of earlier studies. It is important to note, however, that these elasticities are not entirely comparable because the studies differ regarding the industries examined, the size of the minimum wage hike, and the fraction of workers impacted by the minimum wage increase.
While it is well known that the disemployment effects of increases in the minimum wage differ sharply across industries or demographic groups, our study is one of the first to examine how much the effect can differ across geographic areas within a state. To give some sense of the disparity in the effects of a minimum wage hike, we use the models in table 3 to simulate the effect of a 10 percent increase in the minimum wage on employment in each CIP. The simulation assumes a coefficient of -3.32 on lmin*low_wage which is the average coefficient in table 3 across the 4 specifications considered with L.A. manufacturing excluded. Using this elasticity, the percent change in employment in county i industry j that results from a 10 percent increase in the minimum wage is calculated as -3.32*low_wage_shareij *10.
The results of the simulation, summarized in table 6, show that the minimum wage increase would lead to a 3.4 percent employment loss statewide. The loss in employment ranges from a low of 2.2 percent in Marin County (north and across the bay from San Francisco) to 5.2 percent in Butte County (a rural area about 160 miles northeast from San Francisco). To put this in context, in percentage terms, the job loss from a minimum wage hike is approximately 2.5 times greater in Butte than San Francisco County.
Part of the reason that the job loss differs so much across counties is that there are substantial differences in the industrial composition across counties. In addition, there is substantial variation across counties in terms of the employment loss within a given industry. Table 6 shows the percentage of jobs lost in two of the largest low wage sectorsaccommodation and food services; and retail. The predicted percentage point reduction in employment varies from 2.7 to 6.5 across counties in retail, and from 3.6 to 8.9 in accommodation and food services. Clearly, even within industry, a minimum wage hike will have very different employment effects across the counties of California. Given these facts, it would not be surprising if the political support for a minimum wage hike would vary sharply across counties within a state.
Summary and Conclusions
This study uses California employment data from 1990 through 2016 to test whether the state's minimum wage increases over the past 25 years led to a loss of low-wage jobs. Our empirical approach identifies the effects of minimum wage increases by comparing the evolution of employment across county-industry pairs (CIPs). We find fairly robust evidence that, when the minimum wage increases, employment growth is slowed in low-wage relative to high-wage CIPs. While our models are parsimonious in terms of the controls for observed economic conditions, our models allow for a variety of different types of fixed effects and/or time trends that control for any common shocks that impact all industries across counties, or all industries within a county. We also examined the data for outliers that might have unusually large effects on our estimates.
Across a wide range of specifications, we find statistically significant negative effects of the California minimum wage increases on employment growth, particularly in low-wage industries. We admit, however, that if we expand the list of controls to the point of having a highly saturated model, the estimates become statistically insignificant. We do not view these insignificant results as evidence against a minimum wage effect. Rather, we believe that if an empirical model includes large numbers of fixed effects, there is too much collinearity in the model and too little identifying variation left to identify the effect of minimum wage movements.
Our preferred estimates, which exclude Los Angeles county manufacturing as an outlier, suggest that a 10% increase in the minimum wage would lead to a 3.4% reduction in employment. The percentage job loss is greater in accommodations and food services, and retail trade industries. While the most populated counties of California would be expected to incur the largest employment loss regarding the number of workers, the smaller counties experience a larger percentage point loss in employment due to the lower wages and the greater share of workers that would be affected by the minimum wage hike.
While our model provides fairly convincing evidence that minimum wage increases cause job loss, it's important to note that it is based on historical data and that the models assume that the only factor that determines the response of an industry to a minimum wage hike is its share of low wage workers. In reality, the response elasticities of firms to minimum wage hikes will depend on factors such as their ability to replace labor with capital, or labor's share of the firm's total cost. The easier it is to substitute capital for labor and the more labor intensive the firm is, the greater the expected response to a change in the minimum wage. Moreover, a firm's ability to pass on the cost of a minimum wage hike may vary over time as new technologies are developed. As a result, our estimates should be considered with some caution given the simplifying assumptions of our model. Nevertheless, we feel that our estimates of job loss are consistent with the employment loss associated with previous minimum wage increases in California. For a given county-industry pair to be included, the QCEW must report employment in every year over the sample period (1990-2016) . For a given county-industry pair to be included, the QCEW must report employment in every year over the sample period (1990-2016) . 
